Inferring CO2 fertilization effect based on global monitoring land-atmosphere exchange with a theoretical model by Ueyama, M. et al.
Environmental Research Letters
LETTER • OPEN ACCESS
Inferring CO2 fertilization effect based on global monitoring land-
atmosphere exchange with a theoretical model
To cite this article: Masahito Ueyama et al 2020 Environ. Res. Lett. 15 084009
 
View the article online for updates and enhancements.
This content was downloaded from IP address 151.62.203.121 on 20/07/2020 at 13:30
Environ. Res. Lett. 15 (2020) 084009 https://doi.org/10.1088/1748-9326/ab79e5
LETTER
Inferring CO2 fertilization effect based on global monitoring
land-atmosphere exchange with a theoretical model
MasahitoUeyama1,27 , Kazuhito Ichii2,3 , Hideki Kobayashi4 , Tomo’omiKumagai5,6 ,
JasonBeringer7 , LutzMerbold8 , Eugénie S Euskirchen9 , TakashiHirano10 ,
Luca BelelliMarchesini11,12 , Dennis Baldocchi13 , TakuMSaitoh14 , YasukoMizoguchi15 ,
KeisukeOno16 , JoonKim17 , Andrej Varlagin18 ,MinseokKang19, Takanori Shimizu20,
YoshikoKosugi21 ,M Syndonia Bret-Harte9 , TakashiMachimura22 , YojiroMatsuura23, TakeshiOhta24,
Kentaro Takagi25 , SatoruTakanashi26 andYukioYasuda20
1 Graduate School of Life and Environmental Sciences, Osaka PrefectureUniversity, 1-1, Gakuen-cho, Nakaku, Sakai, 599-8531, Japan
2 Center for Environmental Remote Sensing, ChibaUniversity, 1-33 Yayoi-cho, Inage-ku, Chiba, 263-8522, Japan
3 Center forGlobal Environmental Change, National Institute for Environmental Studies, 16-2Onokawa, Tsukuba, 305-8506, Japan
4 Institute of Arctic Climate andEnvironment Change Research, JapanAgency forMarine-Earth Science andTechnology, 3173-25 Showa-
machi, Kanazawa-ku, Yokohama, 236-0001, Japan
5 Graduate School of Agricultural and Life Sciences, TheUniversity of Tokyo, 1-1-1 Yayoi, Bunkyo-ku, Tokyo, 113-8657, Japan
6 Institute for Space-Earth Environmental Research,NagoyaUniversity, Furo-cho, Chikusa-ku,Nagoya, 464-8601, Japan
7 School of Agriculture and Environment, TheUniversity ofWesternAustralia, 35 StirlingHwy, Crawley, PerthWA, 6009, Australia
8 Mazingira Centre, International Livestock Research Institute (ILRI), POBox 30709, 00100Nairobi, 30709, Kenya
9 Institute of Arctic Biology, University of Alaska Fairbanks, 311 Irving 1 Building, Fairbanks, AK 757000,United States of America
10 Research Faculty of Agriculture, HokkaidoUniversity, Kita 9,Nishi 9, Kita-ku, Sapporo, 060-8589, Japan
11 Department of Sustainable Agro-ecosystems andBioresources, Research and InnovationCentre, Fondazione EdmundMach, San
Michele all’Adige, Italy
12 Department of LandscapeDesign and Sustainable Ecosystems, Agrarian-Technological Institute, RUDNUniversity,Miklukho-Maklaya
str. 8/2,Moscow, 117198,Moscow, Russia
13 Department of Environmental Science, Policy andManagement, University of California, Berkeley, 345HilgardHall, Office, Berkeley,
CA 94720-3110, United States of America
14 River Basin ResearchCenter, GifuUniversity, 1-1 Yanagido, Gifu, 501-1193, Japan
15 HokkaidoResearchCenter, Forestry and Forest Products Research Institute, 7Hitsujigaoka, Toyohira-ku, Sapporo, 062-8516, Japan
16 Institute forAgro-Environmental Sciences,NationalAgriculture andFoodResearchOrganization, 3-1-3Kannondai,Tsukuba, 305-8604, Japan
17 Department of Landscape Architecture&Rural Systems Engineering, Interdisciplinary Program inAgricultural & ForestMeteorology,
SeoulNationalUniversity, 1Gwanak-ro, Gwanak-gu, Seoul, 08826, Republic of Korea
18 A.N. Severtsov Institute of Ecology andEvolution RAS, Leninsky pr.33,Moscow, 119071, Russia
19 National Center for AgroMeteorology, 1, Gwanak-ro, Gwanak-gu, Seoul 08826, Republic of Korea
20 Forestry and Forest Products Research Institute, 1Matsunosato, Tsukuba, 305-8687, Japan
21 Graduate School of Agriculture, KyotoUniversity, Yoshidahonmachi, Kitasyirakawa oiwake-cho, Sakyo-ku, Kyoto, 606-8502, Japan
22 Graduate School of Engineering,OsakaUniversity, 1-1 Yamadaoka, Suita, 565-0871, Japan
23 Center for International Partnerships andResearch onClimate Change, Forestry and Forest Products Research Institute, 1Matsunosato,
Tsukuba, Japan 305-8687, Japan
24 NagoyaUniversity, Furo-cho, Chikua-ku,Nagoya, 464-8601, Japan
25 Field ScienceCenter forNorthern Biosphere, HokkaidoUniversity, Toikanbetsu, Horonobe-cho, Teshio-gun, 098-2943, Japan
26 Kansai ResearchCenter, Forestry and Forest Products Research Institute, 68Nagaikyutarou,Momoyama-cho, 612-0855, Japan
27 Author towhomany correspondence should be addressed.
E-mail: ueyama@envi.osakafu-u.ac.jp
Keywords:CO2 fertilization effect, photosynthesis, evapotranspiration, eddy covariance, sun/shademodel
Supplementarymaterial for this article is available online
Abstract
Rising atmosphericCO2 concentration ([CO2]) enhances photosynthesis and reduces transpiration at the
leaf, ecosystem, andglobal scale via theCO2 fertilization effect. TheCO2 fertilization effect is among the
most important processes for predicting the terrestrial carbonbudget and future climate, yet it has been
elusive to quantify. For evaluating theCO2 fertilization effect on landphotosynthesis and transpiration,we
developed a technique that isolated this effect fromother confounding effects, such as changes in climate,
using anoisy time series of observed land-atmosphereCO2andwater vapor exchange.Here,we evaluate
themagnitudeof this effect from2000 to2014 globally basedon constraint optimizationof gross primary
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productivity (GPP) and evapotranspiration in a canopyphotosynthesismodel over 104 global eddy-
covariance stations.We found a consistent increase ofGPP (0.138±0.007%ppm−1; percentile per rising
ppmof [CO2]) and a concomitant decrease in transpiration (−0.073%±0.006%ppm
−1)due to rising
[CO2]. EnhancedGPP fromCO2 fertilization after the baseline year 2000 is, on average, 1.2%of global
GPP, 12.4 gCm−2 yr−1 or 1.8PgCyr−1 at the years from2001 to 2014.Our result demonstrates that the
current increase in [CO2] couldpotentially explain the recent landCO2 sink at the global scale.
1. Introduction
Atmospheric CO2 concentrations [CO2] have risen at
a rate of 2.16±0.09 ppm yr−1 in recent decades due
to human activities (Le Quéré et al 2018) and will
continue to increase unless emission reductions occur
(Anderson et al 2019). Rising [CO2] has increased
photosynthesis at the leaf level (Norby et al 2005,
Wenzel et al 2016) and gross primary productivity
(GPP) at the ecosystem scale (Wenzel et al 2016). This
process, known as the CO2 fertilization effect, arises
because the current [CO2] is too low to saturate the
carboxylation in the leaf, and thus limits photosynth-
esis. Therefore, the CO2 fertilization effect is consid-
ered a negative feedback process that may reduce
[CO2] and mitigate global warming (Booth et al 2012)
through the potential enhancement of the land CO2
sink. In addition to the carbon cycle, the hydrological
cycle has similarly been impacted by the increase in
[CO2] that reduces stomatal conductance (Keenan
et al 2013, Frank et al 2015, Cheng et al 2017) and
results in a decrease in continental evapotranspiration
(ET) and an increase inwater runoff (Betts et al 2007).
The magnitude of the CO2 fertilization effect is not
well understood because of the difficulty of direct mea-
surements that can disentangle this effect from other
processes (Norby et al 2005), limitation in satellite
observations (de Kauwe et al 2016b), and the uncer-
tainty in the ecosystemmodel (Friedlingstein et al 2014,
Smith et al 2016). Free-air CO2 enrichment (FACE)
experiments can provide a direct estimate of the CO2
fertilization effect by applying a step change in [CO2]
(Norby and Zak 2011) to the surrounding environ-
ment, but their application is expensive and laborious.
Consequently, current experiments are located in easily
accessible regions, such as young temperate forests and
croplands (Long et al 2004, Körner 2009, Frank
et al 2015). Furthermore, while FACE experiments have
assessed the CO2 fertilization effect under, for example,
a doubling of [CO2], current ecosystems are exposed to
a gradually rising [CO2] and their response may differ
from that found in the FACE experiments. Although
FACE data sets have improved vegetation models
representing the ecosystem response to rising [CO2]
(Medlyn et al 2015), the mechanisms of the CO2 fertili-
zation effect incorporated into state-of-the-art earth
system models has been a major source of uncertainty
in climate projections through the internal feedbacks
between photosynthesis and other related processes
(e.g. respiration, biomass allocation, and mortality)
(Booth et al 2012,Wenzel et al 2016, Friedlingstein et al
2014,Churkina et al2009).
Here, we present a new quantification of the CO2
fertilization effect at the ecosystem scale during the past
two decades based on eddy-covariance (EC) flux mea-
surements across arctic, boreal, temperate, and tropical
ecosystems at the global scale. Although previously the
CO2 fertilization effect was inferentially evaluated for a
smaller and shorter data set (Keenan et al 2013), we
expanded the analysis by using a 104-flux tower site
(770 site years) data set (Ichii et al 2017, Pastorello et al
2017), consisting of forests, grasslands, savanna, shrub,
wetlands, tundra, and cropland ecosystem (figure S1 is
available online at stacks.iop.org/ERL/15/084009/
mmedia, table S1). Our approach used the global net-
work of the direct observations, and quantified the sen-
sitivity of GPP and ET to rising [CO2] with multiple
constraints to avoid confounding effects and artifacts.
We emphasize that our approach avoids a direct use of
decadal trends in thefluxes for estimating theCO2 ferti-
lization effect, which is mostly too small to be detected
with common statistical analyses using observational
data directly (Baldocchi et al 2018).
2.Method
To isolate the CO2 fertilization effect from other
confounding effects, we developed a technique for
deriving model parameters that are sensitive to the
fertilization effect, using observed diurnal, seasonal,
and interannual variations of carbon and water fluxes
as well as climate drivers and leaf area index (LAI)
(figure S2). Themethod is similar to the so-called one-
pointmethod commonly used in the leaf scale analyses
(de Kauwe et al 2016a) that is based on the idea that
light-saturated GPP is regulated by CO2 concentra-
tion. The responses of water vapor flux and GPP to
light, humidity, wind speed, and [CO2] were con-
strained with direct observations during the past two
decades (table S3) based on semi-continuous EC flux
measurements across arctic, boreal, temperate, and
tropical ecosystems at the global scale. The photosyn-
thetic responses to light and [CO2] were constrained
by optimizing the biogeochemical model (A1-1 in
supplemental material); stomatal responses to humid-
ity and [CO2] were constrained by the stomatal
conductance model (A1-2 in supplemental material);
and the responses to wind speed were constrained by
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the aerodynamic conductance model (A1-4 in supple-
mental material). The method has been previously
applied for leaf-scale (Reed et al 1976), and extended to
the canopy scale (Wang et al 2007, Ueyama et al
2016, 2018). After accounting for other confounding
effects, such as radiative transfer (A1-3 in supplemen-
tal material), boundary layer conductance (A1-4 in
supplemental material), and evaporation (A1-6 in
supplemental material), we isolated responses of GPP
and ET to current gradually rising [CO2] by fitting the
fluxes into the CO2 demand and supply functions for
photosynthesis in the model after considering other
environmental effects (e.g. change in aerodynamic and
canopy conductance).
2.1.Data
We used a 104 flux tower sites (770 site years) (Ichii
et al 2017, Pastorello et al 2017) covering the period of
1990–2014 across a number of biome types (forests,
grasslands, savanna, shrub, wetlands, tundra, and
cropland) (figure S1, table S1); 66 sites were forests,
whereas 38 sites were non-forested. The data consisted
of two data sets, one for Asia, the other covering the
rest of the globe. The data set for Asia was an extended
version of our previous data set (Ichii et al 2017), which
consisted of 60 EC observation sites and these were
derived from five databases, namely AsiaFlux (http://
asiaflux.net), European Flux Database (http://
europe-fluxdata.eu), Forestry and Forest Products
Research Institute (FFPRI; http://2.ffpri.affrc.go.jp/
labs/flux/), National Institute Agro-Environmental
Studies (NIAES), and Arctic Observatory Network
(AON; http://aon.iab.uaf.edu/). The data set for the rest
of the globe was 44 sites from the FLUXNET2015
(http://fluxnet.fluxdata.org/data/fluxnet2015-dataset/;
Pastorello et al 2017), where we selected 39 sites that had
more than ten years of data and an additional five sites
with less than ten years of data to capture SouthAmerican
andAfrican regions.
We used the original EC measurements of NEE
that were not post-processed by principal investigators
or their respective Asian databases, and partitioned
GPP from FLUXNET2015. We post-processed the
Asian data for all sites using a standard protocol for
data quality control, and flux partitioning (Ichii et al
2017). Quality control was conducted using a spike
detection method (Papale et al 2006) and a filtering
with the friction velocity threshold (Reichstein et al
2005). GPP was estimated as the difference between
net ecosystem exchange (NEE) and ecosystem respira-
tion (RE). Daytime RE was based on exponential rela-
tionships (Lloyd and Taylor 1994), which were
determined for each day using nighttime data with a
29-day moving window. GPP and RE were deter-
mined as the mean of 100 values obtained from an
ordinary bootstrapping procedure. Further details are
available in A3 in the supplemental material. For
FLUXNET2015 data, we used partitioned GPP based
on nighttime data (GPP_NT_VUT_REF) as this
approach was similar to the processing for the Asia
data set. No gap-filled flux data were used for model
optimization in both data sets. The current study
focused on C3 photosynthesis, because C4-dominated
ecosystems were limited in our data set and a
much smaller CO2 fertilization effect is expected in C4
ecosystems than C3-dominated ecosystems (Collatz
et al 1992).
2.2.Model and optimization
We used the canopy photosynthesis model (iBLM-EC
version 2; further for details can be found in the
Supplemental Material) to quantify the CO2 fertiliza-
tion effect (Ueyama et al 2016, 2018). The model
contains coupled effects among the following sub-
models: biochemical photosynthesis (Farquhar et al
1980), stomatal conductance (Ball et al 1987), aero-
dynamic conductance (Lhomme et al 2000), sun/
shade radiative transfer including clumping effect
(Ryu et al 2011), and vertical nitrogen transfer within
the canopy (Lloyd et al 2010). In the biochemical
photosynthesis model, photosynthesis is modeled as
the minimum rate of Rubisco-limited photosynthesis
and RuBP-limited photosynthesis. Rubisco-limited
photosynthesis is sensitive to intercellular CO2 con-
centration, whereas RuBP-limited photosynthesis is
sensitive to light. Stomatal conductance is modeled
based on a semi-empirical relationship to photosyn-
thetic rate, CO2 concentration at the leaf surface, and
humidity (Ball et al 1987). Both photosynthesis and
stomatal conductance are further calculated separately
for sunlit and shaded leaves, where sunlit and shaded
portions are calculated based on a radiative transfer
model (Ryu et al 2011) that uses leaf area index
(LAI) and clumping index as inputs (He et al 2012,
Pisek et al 2015).
Input data for the model include half-hourly or
hourly meteorology (wind speed, photosynthetically
photon flux density, air temperature, relative
humidity, rainfall, atmospheric pressure, net radia-
tion, and ground heat flux), turbulent fluxes (friction
velocity, sensible and latent heat fluxes, and GPP),
[CO2], LAI, and growth temperature (defined as a
mean air temperature over the preceding thirty days).
We did not apply the energy imbalance correction for
inputs of sensible and latent heat fluxes except for a
sensitivity analysis, because uncertainties in this
assumption were negligible as shown in Supple-
mental Material. We rejected data due to wet condi-
tions during rain and within one hour after rain,
because uncertainties in this case were larger of the
acceptance threshold 10% of estimated CO2 fertiliza-
tion effect, as shown in supplemental material. Tran-
spiration was partitioned from measured latent heat
flux by subtracting evaporation. The evaporation was
estimated from potential evaporation at the soil sur-
face for forests (Ryu et al 2011) solving net radiation
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at forest floor. The evaporation was estimated using
LAI by known ratios between ET and transpiration
for grassland, tundra, cropland (Wang et al 2014) and
rice paddy (Sakuratani and Horie 1985). The direct
and diffuse portions of radiation were partitioned
based on the method (Weiss and Norman 1985) for
solving the sun/shade radiative transfer model. To
avoid the effects of inconsistent calibration, arising
from inaccuracies in [CO2] measurements at the
observation sites, and for consistency among the
optimization and CO2 fertilization experiment,
[CO2] was derived from CarbonTracker 2015
(CT2015) (Peters et al 2007), with selected pixels cen-
tered on each site’s geographic position. Since [CO2]
by CT2015 was available since 2000, [CO2] prior to
2000 was estimated by subtracting the [CO2] differ-
ence between values from 2000 and values from a tar-
get year at the Mauna Loa observatory from the
CT2015 data for 2000. LAI in each site was from field
observations if available (table S1). If time-variant
LAI was not available, LAI was derived from MODIS
MOD15A2H after smoothing the signal using TIME-
SAT (Eklundh and Jönsson 2015) and adjusting the
mean annual maximum using site observations from
literature (table S1).
We derived the parameters of the sun/shade
canopy photosynthesis model from the constraint
optimization (table S3) using the observed data to
ensure that model accurately predicted the responses
of EC-derived GPP, canopy-integrated gs, and thus
transpiration to rising [CO2]. Parameters that are
sensitive to CO2 fertilization, i.e. Vcmax25 and Jmax25
in the biochemical photosynthesis model (Farquhar
et al 1980) as well as mbb and bbb in the stomatal
conductance model (Ball et al 1987), were deter-
mined using EC-based GPP and transpiration data.
The parameters were determined based on a global
optimization method (SCE-UA; Duan et al 1992) for
each day and each site with an eight-day moving
window (figure S3). We only used successfully con-
verged parameters for estimating the CO2 fertiliza-
tion effect. We calculated mean and standard
deviations of the parameters based on ten optim-
ization runs from randomly generated initial values.
We rejected the data when standard deviation of
determined parameters was greater 10% of their
absolute value for minimizing equifinality in para-
meterization (Medlyn et al 2005). Thus, uncertainties
of the parameters associated with the optimization
were less than 10% of the value. For quantifying the
range of uncertainties from the biochemical photo-
synthesis model and parameterizations that were not
directly constrained using observations, we quanti-
fied the CO2 fertilization effect using six different
submodels (Collatz et al 1991, de Pury and Farqu-
har 1997, Bernacchi et al 2001, 2003, Kosugi et al
2003, Kattge and Knorr 2007, von Caemmerer et al
2009). We used the ensemble mean and standard
deviations of the estimated six CO2 fertilization
effects, which yielded a coefficient of variation of
10.3% across the six different parameterizations of
the biochemical model (figure S4). Root mean square
errors in half-hourly GPP and latent heat flux were
2.60 μmol m−2 s−1 and 34.6 W m−2, respectively;
slopes and R2 between observations and the para-
meterized model also supported the validity of the
optimization (figure S5).
Since the actual parameters for CO2 fertilization
processes (CO2 demand and supply functions for pho-
tosynthesis; von Caemmerer et al 2009) were con-
strained each day through the optimization, the
parameterized model can predict a theoretical sensi-
tivity to rising atmospheric [CO2] for a given day. The
CO2 fertilization effect was calculated at the half-
hourly or hourly time step, and then averaged on an
annual basis using daytime data when photo-
synthetically photon flux density (PPFD) was greater
than 500 μmol m−2 s−1. The quantified CO2 fertiliza-
tion effect represents the changes in GPP and gs by
changes in [CO2] whilst allowing environmental con-
ditions (e.g. climate and LAI) to change over time
(Ueyama et al 2016). Here, we used [CO2] in the year
2000 as a baseline (369.55 ppmof the annual CO2 con-
centration at Mauna Loa) (Le Quéré et al 2018) and
evaluate the effects of changing [CO2] before and
after 2000.
We separated two processes related to the changes
inGPP and gs, namely the passive response by a hyper-
bolic response of photosynthesis to [CO2] and the eco-
physiological acclimation, known as down regulation.
We defined the ecophysiological acclimation as the
interannual/decadal variations in the ecophysiological
parameters throughout observation periods. Based on
this definition, we estimated the contributions of the
ecophysiological acclimation to changes in GPP and gs
by isolating the components associated with changes
in interannual/decadal variations in the ecophysiolo-
gical parameters (Vcmax25, Jmax25, mbb and bbb). To
examine the possible change associated with the eco-
physiological acclimation, another experiment was
conducted for sites having more than four years of
data, where the CO2 fertilization experiment was con-
ducted using median seasonality in the parameters
instead of daily parameters in each year. CO2 fertiliza-
tion effects between the two experiments would be dif-
ferent, if interannual variations or a directional shift in
the parameters played an important role in determin-
ing the magnitude of the fertilization effect. The com-
parison was done for the years after 2000 when
accurate ancillary inputs, such as LAI and [CO2], were
available.
We tested how the EC data constrained the CO2
fertilization effect using data from 14 sites selected
from the FLUXNET2015 data set (table S2). As a non-
constrained experiment, we input biased parameters
(Vcmax25, Jmax25, andmbb) into themodel.We added or
subtracted one standard deviation of the parameter
distribution within a plant functional type to the
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determined parameters, and then estimated the range
of uncertainties for the non-constrained simulation.
In the non-constrained simulation, relative uncertain-
ties of the CO2 fertilization for GPP, gs, and iWUE
were 23%±11%, 60%±58%, and 4%±5%,
respectively. This indicates that the EC data effectively
reduced the uncertainties in the CO2 fertilization for
GPP and gs.
2.3. Upscaling
For evaluating the CO2 fertilization effect at the global
scale, the effect examined at the site level was upscaled
using a random forest regression, which is a machine-
learning based regression. Changes in fluxes per
change in [CO2] (unit of % per ppm) were estimated
for each site that contained more than four years of
data (66 sites; table S1). The changes in fluxes were
then modeled using a random forest regression by
growing season and annual mean air temperatures,
annual sum of precipitation, seasonal maximum of
LAI, land cover (the alternative of forest or non-
forest), and growing season length defined as number
of days when mean air temperature was greater than
5 °C. We applied a 5×2 nested cross-validation with
random search to tune generalized hyper parameters
of the random forest regression; the nested cross
validation effectively splits train, validation, and test
sets for generalization. We measured the general-
ization error using the nested cross validation rather
than using hold-out data due to the limited available
data. For estimating possible uncertainties in the
model tuning, we constructed 20 random forest
regressions which had different hyper parameters
using the 5×2 cross-validation scheme from 20
different initial parameters. The estimated R2 score
was 0.61±0.05 for the effects for GPP and
0.78±0.05 for gs.
The CO2 fertilization effect was upscaled to the
globe using the random forest regressions and gridded
climate and satellite remote sensing data. For the glo-
bal analyses, we calculated the CO2 fertilization effect
at an annual timescale for each grid that had a
0.25°×0.25° spatial resolution. The change in GPP
and ET associated with rising [CO2] was estimated for
the globe from 2000 to 2014 at the annual timescale.
Themean climatology of annualmean air temperature
and annual sum of precipitation from 2000 to 2014
was created based on Ichii et al (2013) by merging
CRU-TS climate data and National Centers for Envir-
onmental Prediction (NCEP)/the National Center for
Atmospheric Research (NCAR) reanalysis (NCEP/
NCAR reanalysis) data with the quarter-degree
spatial resolution (Ichii et al 2013). The maximum
LAI was derived from MODIS standard product
(MOD15A2H; collection 6) at the quarter-degree spa-
tial resolution. Spatial averaging and quality assurance
for the satellite data were the same as those in our pre-
vious study (Kondo et al 2015, Ichii et al 2017). A
global map of forest classes for 2000 (Schulze et al
2019) was used for classifying forest/non-forest eco-
systems. Rising [CO2] compared with the level at year
2000 was determined based on a one-degree spatial
resolution, where mean annual [CO2] was calculated
from CT2015. Assuming that fluxes based on the
upscaling of the eddy covariance observations (Kondo
et al 2015) already includes the CO2 fertilization effect,
finally, the CO2 fertilization effect in the fluxes (F ;CO2 g
C m−2 yr−1, ET ;CO2 mm yr
−1) can be defined as fol-
lows:
( ( )) ( )/
= -
´ + D
F Fc f Fc f
F100.0 100.0 CO , 1
CO C3 C3
%C 2
2 * * *
*
( ( )) ( )/
= * - * *
´ + * D
T f T f
F
ET
100.0 100.0 CO , 2
CO C3 C3
%E 2
2
where Fc and T are annual GPP (g C m−2 yr−1) and
transpiration (mm yr−1), respectively, in each year
derived from empirical data-driven upscaling EC
fluxes using the support vector regression (SVR)
(Kondo et al 2015). The upscaled global fluxes based
on SVR were reprocessed using latest MODIS data
(collection 6). The first term of the right side is fluxes
of C3 vegetation that includes the CO2 fertilization
effect, and the second term is fluxes of C3 vegetation
that does not include the CO2 fertilization effect. The
denominator of the second term increases with
increasing [CO2] since 2000, and the effect of the CO2
fertilization is subtracted from the second term
according to the change of flux with respect to the
increasing [CO2] in each grid. Transpiration was
partitioned from the upscaled ET based on an
empirical method (Wei et al 2017). Satellite-derived
LAI and land cover data (MOD12Q1) were used for
calculating the fraction of transpiration from ET at an
eight-day interval. fC3was the fraction of C3 vegetation
within a grid based on the globalmap forC4 vegetation
percentage (Still et al 2009). For multiplying C3
fraction, our estimates of the global CO2 fertilization
effect only consider the C3 vegetation. F%C and F%E
were changes in Fc and T, respectively, per change in
[CO2] (% ppm
−1) derived from the random forest
regressions tuned for the site-scale analysis (shown in
above paragraph), andΔCO2 was the change in [CO2]
in each year since 2000 (ppmyr−1). An ensemblemean
of the 20 different random forest regressions was used
to estimate the CO2 fertilization effect and its standard
deviation was used for the interval. The declining
response of the CO2 fertilization effect (figures 1(c),
(f))was considered in the upscaling, using a regression
shown infigures 1(c), (f).
For estimating potential uncertainties in the
upscaled CO2 fertilization effect associated with the
input data, we compared the upscaled results by repla-
cing the input data. First, we replaced the input global
climate data from the CRU/NCEP data to ERA5 rea-
nalysis data (DOI:10.24381/cds.68d2bb30). Second,
we replaced the input MODIS-based LAI data to the
Global Inventory Modeling and Mapping Studies
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(GIMMS) LAI3g product (Zhu et al 2013), which was
based on the advanced very high resolution radio-
meter (AVHRR). The CRU data are based on station
observations, which is less uncertain than the reana-
lysis data. The MODIS-based LAI is generally more
accurate than LAI by the AVHRR. Since the upscaled
CO2 fertilization effects did not differ in terms of the
different input data (table S4), we showed the upscaled
results based on the combination of the CRU/NCEP
andMODIS LAI data as our best guess. The small sen-
sitivity to the input data could be because the current
upscaling only used the annual aggregated variables
(figure S6); thus, biases at the short timescales in the
input data did not significantly propagated to the
upscaled estimates.
3. Results and discussion
Onaverage across all biomes,GPP increasedconcurrently
with rising [CO2] at the rate of 0.273%±0.014% yr
−1
(figure 1(a)) or 0.138%±0.007% ppm−1 (figures 1(d),
(g)) from 1990 to 2014; plus-minus sign denotes 95%
confidence interval. The change was greater for non-
forest than forest sites (p<0.01; figures 1(a), (b)),
consistent with FACE experiments which showed a
higher increase in GPP at ecosystems with lower leaf area
(Norby and Zak 2011). This was probably because light
more regulated photosynthesis of forests that had greater
leaf area than non-forests, and thus greater contributions
of shade-leaves weakened the sensitivity to [CO2] in
forests thannon-forests. Stomatal conductance decreased
Figure 1. Inferred fractional changes in gross primary productivity (GPP) (a), canopy-integrated stomatal conductance (gs) (b), and
intrinsic water use efficiency (iWUE;GPP/gs) (c) associatedwith rising atmospheric CO2 concentration ([CO2]). TheCO2 fertilization
effect was quantifiedwith changes in [CO2] since the year 2000, whichwas taken as baseline (ΔCO2). The fractional changeswere
shown as the ratio ofGPP, gs, or iWUE calculatedwith andwithout theCO2 fertilization effect. Analysis was performed based on the
coupled photosynthesis and stomatal conductancemodel, with optimized parameters for each day and each site. Dots and bars
represent themean and range of uncertainties with different formulations in the photosynthesismodels, respectively. Relationship
between fractional change inGPP (d), gs (e), and iWUE (f) associatedwith rising [CO2] and change in annualmean [CO2].
Relationship between fractional change inGPP (g), gs (h), and iWUE (i)per unit of [CO2] change and change in annualmean [CO2].
Square dots in (g)–(i) represent averaged values forΔCO2 bins of two ppm. The statistically significant regressions (p0.01) are
shown in (d)–(g), (i).
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at a rate of −0.143%±0.012% yr−1 (figure 1(b)) or
−0.073%±0.006% ppm−1 (figure 1(e)) over the same
time period. The decrease in gs was significantly greater
in forests than non-forests (p<0.01; figures 1(d), (e)),
because greater increase in GPP by rising [CO2]
mitigated decrease in gs in non-forests. Given the
increase in GPP and the decrease in gs, intrinsic water
use efficiency (iWUE; defined as GPP/gs) increased
at the rate of 0.400%±0.011% yr−1 (figure 1(c)) or
0.202%±0.006% ppm−1 (figure 1(f)). Themagnitude
of the CO2 fertilization effect (figures 1(d)–(f)) was
roughly comparable to the values observed from
previous FACE assessments in a temperate zone
(0.13% ppm−1 for net ecosystem productivity (NEP);
Norby et al 2005), and 0.2%–0.3% ppm−1 for iWUE;
Frank et al 2015) and global-scale modeling that was
constrained with [CO2] growth rate for high-latitudes
(0.13%±0.03% ppm−1 for NEP) and the extratropics
(0.11%±0.03%ppm−1 forNEP) (Wenzel et al 2016).
Importantly, the CO2 fertilization effect for GPP
and iWUE slightly declined with rising [CO2]
(p0.01) (figures 1(g), (i)). This decline of the CO2
fertilization effect could be caused by two different
processes: the passive response by a hyperbolic
response of photosynthesis to [CO2] and/or ecophy-
siological acclimation, known as down regulation. To
isolate the two processes, we quantified the ecophysio-
logical acclimation, assuming that the ecophysiologi-
cal acclimation occurred with interannual/decadal
changes in the ecophysiological parameters (Vcmax25,
Jmax25, mbb, and bbb; shown in method). The simula-
tions suggested that the down regulation mechanism
played a marginal role on the estimated magnitudes in
the CO2 fertilization effect. This in turn indicates that
the canopy-integrated parameters did not change
significantly during the study period. The magnitude
of the change from ecophysiological acclimation was
one order of magnitude smaller (figure 2) than the
passive response to rising [CO2] (Katul et al 2000)
with unchanged parameters (figures 1(g)–(i)). Never-
theless, the ecophysiological acclimation rather ampli-
fied the CO2 fertilization effect in GPP at 54% of the
ecosystems that we examined, and dampened the
decrease in gs at 63% of the ecosystems (figure 2). This
is possibly because a decrease in photosynthetic capa-
city of leaves was compensated by increasing LAI.
Long-term field studies for partitioning change in leaf-
scale parameters and LAI need to disentangle the
compensation.
The spatial variability of the isolated CO2 fertiliza-
tion effect on GPP and gs was explained environ-
mental drivers, such as mean annual air temperature,
growing season length and temperature, and land
cover type (figure S6; R2=0.59±0.05 for GPP and
R2=0.72±0.11 for gs). The increase in GPP due to
rising [CO2] was greater in warmer regions than in
colder regions (R2=0.29, p<0.01; figure S7). This
was likely because rising [CO2] could have effectively
mitigated photorespiration under higher tempera-
tures (Cernusak et al 2013). The fractional decrease in
gs tended to be greater in ecosystems in colder rather
than warmer climates (R2=0.14; p<0.01), prob-
ably because gs is related to GPP (Ball et al 1987), and
thus the greater fertilization effect on GPP alleviated
the decrease in gs inwarmer ecosystems.
The upscaled CO2 fertilization effect of the global
C3 vegetation accounted for a substantial impact on
the current increasing trend in global GPP
(figure 3(a)). Based on the upscaled CO2 fertilization
effect using random forest regression (figure S6) and a
data-driven global GPP estimation (Kondo et al 2015),
we found that rising [CO2] (29.0 ppm between 2000
and 2014; Peters et al 2007) enhanced GPP at a rate of
0.08% ppm−1 at the global scale, which was equivalent
to an increase of 0.16% yr−1, or 0.23 Pg C yr−2. This
enhancement is approximately 60% of the current
increasing trend in global GPP (Kondo et al 2015)
(0.38 Pg C yr−2; red line in figure 3(a)) and other stu-
dies (0.59±0.12 Pg C yr−2; Cheng et al 2017), indi-
cating that the CO2 fertilization is the most important
process driving the current increase in the global GPP.
Enhanced GPP from CO2 fertilization after the base-
line year 2000 is, on average, 1.2% of global GPP
(152.8 PgC yr−1), 12.4 gCm−2 yr−1 or 1.8 PgC yr−1 at
Figure 2.Probability density distributions of the difference between theCO2 fertilization effects inGPP (a), canopy-integrated
stomatal conductance (gs) (b), and intrinsic water use efficiency (iWUE) (c), estimated using daily optimized parameters and using
median seasonal variation of the parameters. The analysis was done for 31 eddy covariance sites havingmore than four years of data.
Estimates using themedian seasonality remove year-to-year and decadal shift in physiological adjustment; thus, the difference
represents change inCO2 fertilization effect associatedwith the physiological adjustment. A positive value represents an increase in
GPP and iWUEor dampened decrease in gs associatedwith physiological adjustment.
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the years from 2001 to 2014. This increase was surpris-
ingly large, because the current global land sink was
estimated to be 3.5±1.0 Pg C yr−1 during 2008–2017
(Le Quéré et al 2018). The tropical forests benefited
substantially from the CO2 fertilization effect
(figure 3(e)), due to greater effects per rising [CO2]
(figure 3(c)) and greater GPP in tropical forests.
During the study period, the global GPP increased
(p<0.01), but diminished the trend if the CO2
fertilization effect estimated in this study was excluded
(figure 3(a)). Note that our estimates of the global CO2
fertilization effectwere only quantified forC3 vegetation,
neglecting contributions by C4 vegetation, and thus the
estimatedmagnitudewas likely underestimated.
Our analysis showed that rising [CO2] dampened
an increase in the global ET (figure 3(b)). The global
ET was estimated to increase at a rate of 1.04mm yr−2.
This increase resulted from a positive balance between
the negative effect of decreased gs due to rising [CO2]
and the positive effect of the enhanced atmospheric
evaporative demand induced by global warming
(Katul andNovick 2009, Cheng et al 2017). In practice,
we inferred that without rising [CO2], the global ET
would have increased at a rate of 1.24 mm yr−2
because the regulation of gs by rising [CO2] dampened
global transpiration (Wullschleger et al 2002), result-
ing in the reduction of ET by a rate of 0.20 mm yr−2
(figure 3(b)).
Figure 3.GlobalmeanGPP and evapotranspiration (ET) based on upscaling of eddy covariance fluxes and change in thefluxes
associatedwith rising atmospheric CO2 concentration (a), (b). Fluxes subtracting theCO2 fertilization effect are also shownwith blue
lines in (a), (b). Linear regressions in (a), (b)were tested based onMann–Kendall trend test. Shadows in (a), (b) represent the standard
deviation of the upscaling based on bootstrapping. Spatial distributions of changes inGPP andET associatedwith rising atmospheric
CO2 concentration in 2014 (c)–(f). The distributions for relative changes to fluxes (unit of%ppm
−1) are shown in (c) forGPP and (d)
for ET, whereas those for absolute change (unit for g Cm−2 yr−1 for GPP andmmyr−1 for ET) are shown in (e) forGPP and (f) for ET.
TheCO2 fertilization effect was quantified, with the atmospheric CO2 concentration in 2000 as a baseline. Note that upscaled ETwas
the sumof evaporation and transpiration, whereas the CO2 fertilization effect occurs only transpiration; themagnitude of the change
in ET (b), (d), (f)was estimated after partitioning transpiration fromET. The shadows represent the range of uncertainties associated
with differentmodel parameterization, energy imbalance, intercepted evaporation, and upscaling.
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Growing number and further long-termmonitor-
ing of eddy covariance observations will further
reduce the uncertainties in the CO2 fertilization effect.
Limited data in the current analysis is available for data
whose temporal extent longer than nine years and for
tropics where the CO2 fertilization effect estimated to
be large, resulting in biased estimates in the global
upscaling. This is the major shortcoming in our esti-
mates, but will be minimized with future FLUXNET
activities by further covering wide range of [CO2], cli-
mate, and ecosystem types.
4. Conclusion
The CO2 fertilization effect, the increase in GPP and
decrease in gs, should be occurring in global ecosystems
at present, ranging from the tropics to the arctic. The
quantified effect was comparable to results from
previous field experiments in temperate regions (Norby
et al 2005, Frank et al 2015), reinforcing the validity of
our approach.Our study enabled spatial upscaling from
available flux tower data to provide a global under-
standing of tropical, boreal, and arctic regions, where
direct measurements are scarce or simply not available,
and gives insight into the possible mechanisms of the
current land CO2 sink and decadal trends in ET. By
constraining a simplemodel with observed big data, the
direct CO2 fertilization effect was estimated globally in
this study, but other indirect effects, such as, changes in
LAI and extra-growth by relaxed drought owing to the
CO2 fertilization effect (Long et al 2004, Norby and
Zak 2011), should be evaluated in future studies. It is
unclear whether current estimates ofGPP and ET based
on empirical upscaling (e.g. Kondo et al 2015, Ichii et al
2017) and semi-empirical models (e.g. Heinsch et al
2006) can take account the CO2 fertilization effect.
Careful investigations are necessary on how the CO2
fertilization effect is linked to input variables, such as
satellite-derived spectral indices and environmental
variables, for accurately estimating globalGPPandET.
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